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Abstract 
Information on the permeability at depth is important for the exploitation of geothermal reservoirs. The Ensemble 
Kalman Filter (EnKF) is tool for property estimation if temporal observations are available. Observations can be 
temperature, hydraulic head during pumping tests, and chemical concentrations from tracer experiments at a few 
boreholes. The EnKF is a recursive Bayesian method incorporating observations in a Monte-Carlo-ensemble of 
reservoir simulations considering probability distributions. We present in synthetic test cases the application of the 
EnKF for estimating permeability and demonstrate its use for exploration planning. We apply the method to the 
2005-tracer experiment of the Soultz-sous-Forêts geothermal reservoir. 
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1. Introduction 
Numerical simulation of reservoir performance has gained increasing importance throughout the years. 
However, a reliable prediction of reservoir behaviour requires well determined rock properties. In 
reservoir engineering the search for these properties or parameters is called ”history matching”, which is 
to find a suitable set of values for the simulator’s input parameters so that a correct prognosis is given for 
temperature, hydraulic head, and tracer concentration in the wells of the reservoir. In particular, the 
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permeability is of crucial importance defining the amount of retrieved hot water in geothermal reservoirs. 
During reservoir exploration regularly pumping tests are performed between the wells and the bottom hole 
pressure is recorded for different injection conditions. In some cases the injected water is marked with a 
chemical tracer and the tracer concentration is recorded as a function of time at the production wells. 
These kinds of experiments need considerably longer observation times since the break through time of 
the tracer at the production wells may be on the order of weeks or even months. However, such an 
experiment contains information along the various flow paths in the reservoir.  
The intention of this paper is to demonstrate the use of the Ensemble Kalman Filter (EnKF; Evensen 
[1]) to recover the spatial distribution of the permeability of the rock matrix in a geothermal reservoir in 
combination with a numerical simulator of hydrothermal flow.  
First, we present synthetic 2D model to highlight the behaviour of the EnKF, second, we illustrate how 
the EnKF might be used to guide the exploration of a geothermal reservoir and finally, we describe the 
application of the EnKF to the Soultz-sous-Forêts 2005 tracer experiment. 
2. Method 
2.1. The hydrothermal flow simulator 
The geothermal reservoir is assumed to be saturated porous media. Transport of fluid, heat and a 
dispersive tracer is determined by a system of coupled differential equations 
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k is the hydraulic permeability [m2], μf is the fluid dynamic viscosity [Pa s], f fluid density [kg m-3], g 
gravity [m s-2], h the hydraulic head [m] defined by g
ph ; r is defined by 
0
0f
r , where 0 is 
density at reference conditions;   is porosity,  and  denote the compressibility [Pa-1] of the rock and 
the fluid phase, respectively; W is a mass source term [kg m-3 s-1] used to simulated flow injection and 
production; e is the effective thermal conductivity [W m-1 K-1], c denotes the concentration of the 
dissolved tracer [mol m-3]; D is the diffusion-dispersion coefficient [m2 s-1], and C a dissolved tracer 
source term. k, D, and e are physically tensors but are assumed here as scalars.  
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These equations are discretized by standard finite-difference technique and solved by alternating fixed-
point iteration (code SHEMAT-Suite, Rath et al [2]). They serve as the forward propagator in the 
Ensemble Kalman Filtering. 
2.2. The Ensemble Kalman Filter 
The Kalman Filter is essentially a sequential assimilation of observation data into a numerical 
simulation of a transient system. For the application of the EnKF it is assumed that a system is evolving 
in time, where the state at time t depends only on the state at time t-1. In EnKF all interesting state 
variables and parameters of a system are combined in a single state vector . 
a
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The superscript f denotes a forecast and a a so called assimilated state vector at time t-1 when 
information of a set of observations at t-1 is already incorporated; F is the forward propagator which is in 
our case the simulator SHEMAT-Suite. Observations d at time t can be related to the state vector by 
r
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H is the measurement operator which is a matrix linking observations at specific points to the state 
vector and r is the measurement error. 
The basic idea in EnKF is to propagate the information from the observation points through the non 
linear system with a system update (or assimilation)  
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which adjusts the system according to a weighted difference between data and data prediction. The 
weighting matrix K, the Kalman gain, is determined by the probability distribution of the actual state of 
the system, implying Gaussian error statistics 
1
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P is the estimation error covariance and R is the data error covariance. In our application we multiply 
K with a damping factor of 0.1 to 0.2 to smoothen the assimilation, as has been proposed by Hendricks 
Franssen and Kinzelbach [3]. In EnKF P is determined by the mean and the variance of an ensemble of 
system simulations. The spatial distribution of the variances is a measure of the reliability of the estimated 
state or property field. 
In the study presented here we use SHEMAT-Suite as a hydrothermal flow simulator together with the 
EnKF method as a permeability estimator based on observations of chemical tracer concentration or 
temperature. 
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3. Synthetic Tracer Experiment  
For the synthetic model of a geothermal site we assume a rectangular area at reservoir depth, one 
injection well and a number of production wells in the surrounding. We simulate a tracer pumping 
experiment where a chemical tracer is injected and retrieved after some time at the production wells. In 
all studied synthetic cases, we first calculate a forward model based on an arbitrary permeability 
distribution (which however is characteristic for a geothermal reservoir) and record in adequate time 
intervals (days or weeks) “observations” (i. e. temperature, hydraulic head and tracer concentrations). The 
assumed histogram for the variability of the log(permeability) is shown in Fig. 1a. We use the statistical 
method of Deutsch and Journel [4] to assign log(permeability) values to the numerical grids. All synthetic 
models are 2D, the injected and retrieved mass of fluid is balanced to keep mass conservation, and lateral 
boundaries are open. 
 
 
Fig. 1. (a) Histogram of the log(permeability) distribution; (b) synthetic “true” log(permeability) distribution; the injection is in the 
center of the model and producer wells at the corners denoted P1 to P4; (c) RMSE versus time for log(permeability) estimation with 
the EnKF with 300 ensemble members with 1 observation every 10 days for the first 1600 days and one observation every 100 days 
for the rest of time. Estimation with: head and tracer data (circles); head and temperature data (dashes); head and tracer data for the 
first 1600 days and head and temperature data for the rest of the time (dash-dot line); head, tracer, and temperature data over entire 
time span (gray full line) (d) estimated log(permeability) field based on the combined assimilation. 
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We record the (synthetic) observations at the productions wells and add 1% of noise. In the second 
step we create an ensemble of a few hundred model sets up based on the same log(permeability) 
histogram and use the synthetic observations and the EnKF procedure to assimilate these observations 
sequentially into the numerical model in order to retrieve the original log(permeability) field. It should be 
noted that initially the ensemble members are only similar in a statistical sense, but different in 
appearance, but converge during progressive assimilation steps. A measure for the quality of the fit at 
time t is the RMSE (”root mean squared error”) defined by 
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where xi,tsim are the parameters estimated by the EnKF at time t and xitrue are the “true” parameters of the 
reference model; n is the number of estimated parameters, which is here equal to the number of cells in 
the numerical grid. 
 
 
Fig. 2. (a) Synthetic “true” log(permeability) field, injection well (I) in the center; note the irregular log(permeability) distribution. 
(b) Estimated log(permeability) field base on 4 production wells P1 - P4 (c) based on 8 productions wells P1-P8. 
3.1. Implementation Test 
The numerical grid consists of 20 x 20 x 1 grid nodes (Fig. 1b), the dimensions are equivalent to 
1000 m x 1000 m x 25 m. The model is assumed to represent a layer at a depth of 2500 m and an initial 
temperature of 75° C. According to these conditions the hydraulic head is initially set to 2500 m. In the 
injection well in the center water is constantly injected with a temperature of 10° C and a flow rate of 
0.016m3 s-1. During the first ten days a chemical tracer is added with a concentration of 0.5 mmol L-1. 
Temperature, hydraulic head and tracer concentration are recorded at four wells.  
The assimilation behavior is shown in Fig. 1c. Although the filter considerably smoothens the field, the 
general characteristic of the log(permeability) field is well retrieved for different combination of 
observations (see Fig. 1d). Comparing the estimations based on temperature to those based on tracer 
concentration data shows that the information about the permeability of the rock matrix is much fast 
experienced at the production wells by a tracer experiment and the assimilation converges much quicker 
than in the case of temperature observation alone. With tracer concentration a reliable estimate is possible 
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already after a few months, since tracer transport is a fast process, governed by the particle flow, while 
temperature based assimilation needs a few years. Additionally we tested the EnKF implementation for a 
more irregular case (Fig. 2). Also in this case we found a good performance for estimation of the 
log(permeability) field. Fig. 2b and Fig. 2c also demonstrate how additional wells improve the estimate. 
 
 
Fig. 3. (a) Synthetic “true” log(permeability) field used for a blind test case. (b) to (d) bottom: estimated log(permeability) field 
based on tracer observations; top: standard deviation of the estimated log(permeability) field, also indication injections wells in the 
center (large blue dot) and productions wells (large red dots) and passiveslim holes (small red dots). (b) to (d) indicate 3 steps of 
reservoir exploration based on increased information about reservoir property. 
3.2. EnKF as a tool for reservoir management 
 In the following case we demonstrate how the EnKF might be used for reservoir management. The 
general layout of the model is similar to one described before beside an improved resolution. The domain 
is 500m x 500 m with 50 grid points in each direction. Again synthetic data of tracer concentration is 
recorded based on a model with a “true”, but unknown log(permeability) distribution (Fig. 3a). In the 
blind test, the distribution was not known to the experimenter and the aim was to find a preferable 
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injection-production configuration with a prescribed number of wells (5 production wells and 2 slim 
holes). Following an assumed exploration progress for the field, new wells were placed according to 
estimates of the log(permeability) distribution and their uncertainty. 
In the first step the permeability field was completely unknown and two production wells were placed 
to get a first overview of the field (Fig. 3b top). Assimilation of the 1-per-day chemical tracer 
observations with the EnKF into the simulated system leads after about 100 days to a first estimate. The 
tracer concentration reaches its maximum at the top-right production well after 23 days and at the lower 
left well after 33 days, with a slightly higher maximum concentration at the top-right well. After 100 days 
of observation the concentration was less than 10 % of its maximum at both production wells. The 
estimated log(permeability) field (i. e. the ensemble mean) is shown in Fig. 3b (bottom) and its 
uncertainty (i. e. the standard deviation of the ensemble mean) in Fig. 3b (top). The entire lower left 
corner of the investigated field is characterized by higher permeability, but for the highest estimated 
permeability the uncertainty is also high. Therefore in step 2 of the simulated exploration additional wells 
are assumed in this corner. After repeating the tracer experiment now with four production wells, the 
estimated log(permeability) field changes considerably and the uncertainty decreased between the wells. 
The area of highest permeability is now at the left side. In a third simulated exploration step two 
observation slim holes and another production well are added in the region of high permeability (see Fig. 
3d (top)) and the tracer test is performed again. After revealing the “true” log(permeability) distribution, it 
turned out that the high permeability areas is estimated correctly (Fig. 3d (bottom)) and is well 
constrained. A favorable injector-producer configuration can also be deduced from the active wells in the 
reservoir. 
4. Application to the Soultz-sous-Forêts tracer test 
For the last case we summarize a study done by two of the authors (Vogt et al. [5]) to estimate the 
permeability distribution and its uncertainty of the Enhanced Geothermal System (EGS) at Soultz-sous-
Forêts (Gérard et al. [6]) using the EnKF method. The Soultz reservoir has been extensively studied: At 
approximately 5000 m depth an engineered reservoir was created between three boreholes by hydraulic 
fracturing in the granitic basement.
A long-term tracer circulation test was performed between the boreholes from July to December 2005 
for studying the hydraulic connectivity between injection borehole GPK3 and the two production 
boreholes GPK2 and GPK4. A fluid volume of about 209000 m3 was injected into GPK3 and 165000 m3 
and 40000 m3 were produced from GPK2 and GPK4, respectively (Sanjuan et al. [7]), resulting in a 
nearly equilibrated mass balance. The average pumping rates were 11.9 L s-1 in GPK2, 15 L s-1 in GPK3, 
and 3.1 L s-1 in GPK4, already indicating an inferior connection to GPK4. At the beginning of the 
circulation experiment fluorescein was dissolved in fresh water with a concentration of 0.389mol m-3 and 
injected into GPK3 over a period of 24 hours. Simultaneously, geochemical fluid monitoring was started 
at GPK2 and GPK4. Fluorescein was first detected in GPK2 four days after the injection and in GPK4 24 
days after the injection, confirming the reduced connectivity. The tracer concentration as observed in the 
production wells is shown in Fig. 4 (c and d; green lines). Based on these temporal observation data, we 
studied the permeability distribution after hydraulic stimulation in Soultz with the EnKF method. 
For the numerical model we considered a 3D region at a depth range between 4500 m and 5500 m. The 
corresponding grid has 21 x 48 x 21 cells on a regular Cartesian grid with a cell size of 50m in each 
direction. The model consists of two zones: a stimulated zone with a heterogeneous permeability field in 
the shape of an ellipsoid in the center and a surrounding zone with a homogeneous constant permeability 
of 10-18 m2. Again we used the Sequential Gaussian Simulation algorithm [3] for generating 800 random 
realizations of the log(permeability) and porosity fields in the central ellipsoidal part of the model. The 
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log(permeability) histogram follows two combined Gaussian distributions with one peak for the 
background permeability on the scale of grains and a second peak representing the fractures of the 
reservoir, the porosity histogram follows a Gaussian distribution. The injection well GPK3 is in the center 
of the model and the distance to GPK2 and GPK4 according to the conditions at Soultz. The fluorescein 
tracer is injected according to the real experiment over 24 hours. We considered at all wells the actual 
pumping rates, temperature and pressure data as time-depended boundary conditions. Tracer 
concentration was initially set to zero and water is allowed to cross all model boundaries and flow into the 
infinite reservoir around the model, which reflects the true conditions at Soultz. The hydraulic head is set 
to the initial values before production at all boundaries.  
 
 
Fig. 4. (a) log(permeability) estimation in the geothermal reservoir Soultz-sous-Forêts at a depth between 4500 m and 5500 m using 
the EnKF method. The injection well is in the center, production well GPK2 is to the left and GPK4 to the right of the injection 
well. (b) Standard deviation of the log(permeability) estimation. (c) Concentration of the chemical tracer observed at GPK2: 
Original data (green line) with 95 % confidential level (dashed green lines), ensemble mean (black line), ensemble samples (grey 
lines). (d) Concentration of the chemical tracer observed at GPK4: Original data (green line), ensemble samples (blue lines). 
For avoiding unphysical or unlikely values, we limit the parameter range to 10-11 m2 to 10-18 m2 for 
permeability. The simulation time is discretized into 3000 numerical time steps. For a total simulation 
time of 150 days, an EnKF update is performed once a day. 
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Fig. 4a illustrates the estimated log(permeability) as ensemble mean and its standard deviation (Fig. 
4b). The major characteristic of the reservoir is a narrow well-connected zone between GPK3 and 
GPK2and an ill connected one between GPK3 and GPK4. The uncertainty is below one order of 
magnitude only along the direct flow path. This is to be expected based on the limited information. We 
found a narrow high-permeability path of ~10-12 m2 between GPK3 and GPK2, preventing the flow to 
spread into the periphery. In contrast, the medium permeability zone around GPK4 extends all the way to 
the periphery indicating a number of (although not properly resolved) secondary flow paths in this region, 
where tracer is stored and thus, reaches the production wells at later times. This explains the tracer 
concentration both at GPK2 and GPK4 at late times. 
While the observed and estimated tracer concentrations at GPK2 show a good match (see Fig. 4c), this 
is not the case at GPK4 (Fig. 4d). This is due to the different magnitudes of the two observed 
concentrations. EnKF data assimilation is dominated by the much stronger signature of the GPK2 tracer 
curve. 
5. Conclusion 
The Ensemble Kalman Filter method is a powerful tool for parameter estimation in geothermal 
reservoirs when temporal data is available. It is most practical for applications with unknown reservoir 
geometry, heterogeneous parameter distribution and when uncertainty needs to be quantified. The EnKF 
in combination with an equivalent porous medium approach can be applied also in fractured reservoirs, as 
at Soultz and yields reliable estimates for the permeability. It can also be used to guide reservoir 
management decisions. In particular, is allows identifying permeable structures within a geothermal 
reservoir with data from few boreholes, which are successively drilled and used for data assimilation. 
Temperature data can be assimilated as an alternative to tracer concentration data. However, due to the 
time scale of head transport in comparison to species transport, this does only provide additional 
information during the years of operation of a doublet. For exploration, tracer tests are much more 
suitable.  
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